ABSTRACT
INTRODUCTION
The primary objective of this paper is to investigate how volatility has jointly evolved across energy markets and various other asset markets in Australia. We endeavor to estimate the degree to which volatility of one asset market affects the volatility of other asset markets. Specifically, we examine the transmission of international energy price volatility to various GICS sector indices on the Australian stock market. The transmission of volatility from energy markets to the other asset markets is observed via conditional covariance estimated from a bivariate GARCH model.
Further, using this conditional variance-covariance matrix, we compute optimal weights and hedge ratios for portfolios consisting two stocks; one from the energy commodity sector and the other from any GICS sector. Studies of energy price shocks and their transmission to other asset markets have critical importance in the construction of ISSN(e): 2222-6737/ISSN(p) investment portfolio. An eminent reason is that the demand for energy is comparatively inelastic 1 . A change in energy price attracts more attention from investors compared with a change in the price of other goods. There is evidence in the literature that major energy price increases in the past have often been followed by severe economic dislocations, suggesting a causal link from higher energy prices to recessions, higher unemployment and possibly inflation (Kilian, 2008) . To put it in the context of stock markets, a dramatic shock in the international energy market may spread panic resulting in an outright crash. Therefore, studying the dynamics of international energy prices especially, how they affect stock prices in an individual market is very important for construction and evaluation of portfolios. In particular, this kind of research helps identify which market leads another in price formation. Information (timevarying co-movement of asset returns) obtained from the studies of volatility transmission is used in making optimal portfolio decisions, establishing derivative pricing, and undertaking risk management and hedging. Since energy commodities and GICS indices are potentially attractive investment choices to investors, findings from this type of studies should help investors to work out fund allocation strategies between these classes of asset. Careful investigation of the co-movement of prices of energy and financial assets is equally important for policymakers because understanding how global energy price shocks might be transmitted into the domestic financial system is relevant both to the design and implementation of policies that make contagion less likely.
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Although the literature of volatility transmission to stock market is voluminous, a vast majority of these studies consider transmission of oil price shocks to stock markets. In a recent study, Ewing and Malik (2016) examine the volatility spillover between oil prices and US stock market and they observe significant volatility spillover between these two markets. Using BEKK model, Broastock and Filis (2014) document the spillover of oil price shocks to US and Chinese stock markets. For stock markets of emerging economies, Driesprong et al. (2008) observe the spillover effect from the oil price shocks. Literature on volatility transmission from oil market is also extended to sectoral level studies. For example, Duppati and Zhu (2016) study the effect of oil price shocks to sectoral stock returns in Australia, New Zealand, China, Germany and Norway. In another study, Elyasiani et al. (2013) estimate the sensitivity of 10 major US sectors to oil price shocks. It is evident that oil price volatility occupies most of the studies on energy shocks spillover to stock markets. There is a vacuum in the literature relating to volatility transmission from natural gas and coal prices to stocks markets. This study attempts to fill this vacuum. It is important to understand the volatility transmission from coal price to Australian stock market as one-third of the listed companies is related to mining sector and a large number of companies are involved in coal business.
Studies on volatility transmission to Australian stock market are mainly from volatility of other stock markets.
For example, Valadkhani et al. (2008) ; Brooks and Henry (2000) and McNeils (1993) have found the Australian stock market to covary with the US and UK stock markets. Volatility transmits from the latter into the Australian market. Allowing asymmetric effect and using ARCH class models, Brailsford (1996) finds that volatility innovations in the Australian market influence the conditional volatility of the New Zealand stock market, and vice versa. Using GARCH-M approach, Ratti and Hasan (2013) examine the effect of oil price shocks on volatility in the sectors of Australian stock market and find significant effect for most sectors. In a similar study, Duppati and Zhu (2016) find the exposure of oil price shocks to the sectors in Australian stock market. However, none of these researches considers volatility transmission in these studies. Dean et al. (2010) consider volatility transmission across equity and bond markets in Australia. They conclude that volatility transmits from the bond market into the stock market, but not in the opposite direction. However, these and many other studies address only the linear transmissions of volatility.
They do not study the asymmetry of positive and negative shocks. But this study considers asymmetric volatility transmission where conditional co-variances are permitted to react differently to positive and negative innovations of 1 Kilian (2008) . Presents a list of reasons that make energy prices so important in economic decision making.
METHODOLOGY
As mentioned in the previous section, we examine volatility transmission from one asset market to another in terms of conditional (time varying) co-variances obtained via a bivariate GARCH specification. But we begin this section with a brief introduction of univariate GARCH models in order to gain a clear view of the basic idea. GARCH is a popular measure of time-varying volatility because it captures the major characteristics that are commonly seen in the time series of stock returns. For example, volatility has a tendency to converge to a mean rather than diverge to infinity, volatility is high for certain time periods and low for the other periods, and volatility evolves in a continuous manner, that is, volatility jumps are rare -meaning that the volatility is often a stationary process (Tsay, 2010) .
GARCH volatility captures these characteristics (see (Engle, 1982; Bollerslev, 1986) ).
Plainly, GARCH volatility of a demeaned time series is the weighted average of a long-term volatility, known volatility of some past periods and an unknown volatility (shocks or innovations) of some past periods. We said demeaned time series because we are concerned with the volatility of a time series from which the statistically significant trend term or the sample mean is removed, making it a random series. This requires a model for the mean of the time series to be defined before modeling its volatility. We assume that the returns of individual energy stocks and GICS indices are serially correlated and can be defined as a stationary autoregressive moving average (ARMA) process of order (p,q) as specified under:
;
where  kt , is the conditional mean and  kt , is the shock or innovation of the weekly log-return series k R at time t; p and q are non-negative integers, j  and j  are weights for the autoregressive (AR) and moving average (MA) terms corresponding to the th j lag. The subscript k captures two indices namely energy stocks (e) and GICS indices (g).
Now volatility (or the conditional variance) of kt R , can be defined as: 
This specification is known as vech model. The unconditional variance matrix of this model is given by
where I is an identity matrix of the order 3, c is the column vector of intercepts, and ab are the coefficient matrices as in equation (5) massive number of parameters. As we can see, 21 parameters have to be estimated for a bivariate case.
The number of parameters may be reduced by a variation of vech specification known as diagonal vech where the parameter matrices are reduced to diagonal matrices. But restricting the off-diagonal parameters to zero implies that there is no direct volatility spillover from one series to another. Hence, this specification does not fit into our purpose. Furthermore, even though the diagonalization considerably reduces the number of parameters, there is no guarantee that the diagonal vech model will produce a positive variance matrix.
To guarantee the positive-definite constraint, Engle and Kroner (1995) propose squaring all elements in the conditional variance equation. This specification is popularly known as BEKK (Baba, Engle, Kraft and Kroner) model. We use this model because it takes into account the dynamic dependence between volatility series -which this study is concerned with. Many studies have employed BEKK to study spillover of volatility across stock markets.
Among the renowned ones are Hamao et al. (1990) We consider an asymmetric BEKK GARCH (1,1) model that allows a conditional variance to react differently to negative and positive innovations of the same magnitude. In spirit of Kroner and Ng (1998) 
Where c is a lower triangular matrix of constants, a is the coefficient matrix of squared innovation and the cross product of innovations, b is the coefficient matrix of lagged conditional variance and covariance. z is an indicator variable that takes the value
 is negative and zero otherwise and d is the coefficient matrix for corresponding z. The diagonal elements of matrix a measure the influences of past squared innovations (unknown shocks) of a given series of its own current volatility. While off-diagonal elements can be interpreted as the cross-product effects of the lagged innovations (i.e. cross-volatility shocks) on the current covariance. The diagonal elements of matrix b measure the influences from past conditional variance and covariance (known shocks) on the current volatility (i.e. how the past volatility of a given series transformed into its own current volatility), and off-diagonal elements measure the cross-product effects of the lagged co-volatilities on the current covolatility (i.e. cross-volatility transmission). The matrix d captures any asymmetry in variance and covariance
 . Kroner and Ng (1998) have identified three possible form of asymmetry. First, the covariance matrix displays own variance asymmetry if the conditional variance of one series is affected by the sign of the innovation in that series. Second, the covariance matrix displays cross variance asymmetry if the conditional variance of one series is affected by the sign of the innovation of another series. Third, if the conditional covariance is sensitive to the sign of the innovation in return for either series, then the model is said to display covariance asymmetry.
The uniqueness of BEKK model, as we can see, is its symmetric parameterization that guarantees a positive definite variance matrix, provided  cc is positive definite. We estimate the model by the method of maximum likelihood. Following Bollerslev et al. (1988) we maximize the likelihood function L under:
Where H is variance matrix,  is any parameter a, b, c or d in our model (7) and T is the number of observations. We consider three energy commodities and ten GICS indices from the Australian Stock Exchange (ASX). The energy commodities are crude oil natural gas and coal. We take the 1-month future price of West Texas Intermediaries (WTI) as the price of crude oil. While for coal and natural gas prices, we use the 1-month future prices of Henry Hub and ICE Global Newcastle. The GICS indices we consider are energy (XEJ), materials (XMJ), industrials (XNJ), consumer discretionary (XDJ), consumer staples (XSJ), health care (XHJ), financials (XFJ), information technology (XIJ), telecom (XTJ), and utilities (XUJ). The time period we consider is January 2003 to December 2015. Our analysis is based on the time series of the natural logarithm of weekly returns over this period.
To obtain these series, we take the natural logarithm of each series of prices and calculate weekly returns as the difference in the logarithm prices over a week. This gives us 679 observations of weekly returns for each commodity and GICS index. The source of all the data is DataStream. sectors are more volatile than other sectors like consumer discretionary and consumer staples. Again, energy and materials sectors have the highest index value. In both figures, we observe volatility clustering (volatility is high for certain time period and low for the other periods). The descriptive statistics for the weekly return series of energy prices of crude energy, natural gas, and coal, and the GICS sectors are summarized in Table 1 Most GICS sectors have positive weekly mean returns except consumer discretionary, information technology and health. The average returns of GICS sectors are small in comparison to their standard deviation. For energy commodities, gas has negative weekly mean returns during the study period, whereas oil and coal have positive returns. As in the GICS sectors, mean returns of energy prices are smaller than their standard deviation. It is also evident that the mean returns on energy prices are significantly higher than the mean returns of GICS sectors.
6
Among all the energy returns, gas exhibits the highest standard deviation while coal has the lowest deviation. Among the sector returns, the defensive sectors like consumer staples, utilities, and health have lower standard deviations while energy, materials, and financials have relatively higher standard deviations. All GICS sector returns and oil price returns are negatively skewed whereas gas and coal price returns are positively skewed. (2010)). We obtain the autocorrelation coefficients of the squared return series presented in  is an iid white noise against the alternative that it is an ARCH process. Table 2 contains the result of the ARCH effect of energy prices and GICS sector return data. The statistically significant F and 2
 statistics indicate a strong presence of an ARCH effect in data again justifying the use of a GARCH type volatility model.
Another common property of volatility is asymmetry in its response to positive and negative shocks.
Furthermore, reactions of volatility to big positive shocks and big negative shocks are not the same. To obtain a firsthand idea of these aspects of asymmetry in the volatility, we employ sign and size bias tests proposed (Engle and Ng, 1993) .
We check the hypothesis of mean difference between energy returns and GICS sector returns and reject the null hypothesis that the difference between the mean returns of energy and the GICS sector is equal. It is one tail test, and the alternative hypothesis is that the mean return of energy is greater than the mean return of the GICS sector.
7 For normally distributed variables, the value of skewness is zero and kurtosis is three. 
Positive size bias test:
Joint bias test: Table 3 summarizes the test results. The diagnostic results in the table reveal the presence of asymmetry in the squared residuals of energy returns. In terms of the sign bias test, oil and gas display significant sign bias; this is not evident in coal. In the case of positive and negative size bias tests, the coefficient b appears significant at 1% level in the positive size bias tests for oil, coal and gas; and as expected, the coefficient b does not appear statistically significant in the negative size bias test. For the oil and gas return series, both sign and size bias tests support the presence of an asymmetric effect, and for the coal return series, the size bias test supports the presence of asymmetry. This justifies our choice of an asymmetric GARCH model. 9 In the literature of asymmetry in the stock market, negative shocks are expected to have a greater affect than positive shock s, and therefore the negative sign bias is tested. Felipe and Diranzo (2005) and Kim and Rogers (1995) suggest checking cross correlations of squared returns before evaluating the volatility transmission between two series. This provides a firsthand idea if there exists any relationship at all between the second moments of two data sets. We estimate the cross-correlations between squared returns of energy and GICS sectors in pairs, considering one energy return and one GICS sector return. The estimated cross-correlations are provided in Table 4 . The results reveal that the estimated correlation coefficients of oil with GICS sectors are higher than the correlations of coal and gas with GICS sectors. Tables 5, 6 , and 7 present results of the study. Each 
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RESULTS AND INTERPRETATIONS

Plainly put, volatility reacts differently to the positive and negative sign of its own shocks. This is the first type of asymmetry in volatility described by Kroner and Ng (1998) . However, our findings are mixed in regard to the other types of asymmetry observed by Kroner and Ng (1998) . We find refers to the conditional variance of the GICS sector returns.
The estimated hedge ratio implies a $1 short position in GICS sectors while taking a $1 long position in energy commodities. (11) and (12). In a portfolio or hedging, only two assets are considered at once: one from energy and one from the GICS sectors. Table 8 also presents the hedge ratio for the GICS sector when taking a long position in crude oil, gas or coal.
The results reveal that the hedging strategy is expensive, in comparison to the findings of Hammoudeh et al. (2009) and Hassan and Malik (2007) . In our case, we need to take a short position of 80 to 90 cents in GICS sectors; 
CONCLUSION
There is a void in the literature on asymmetric volatility transmissions from the energy market to the stock market. The few studies on volatility transmission from the energy market to the stock market are directed only to crude oil; no study distinguishes between negative and positive shocks in volatility. This reserach investigates the asymmetric transmission of volatility and shocks in the crude oil, natural gas and coal markets to sectors of the Australian stock market. Our analysis uses weekly data from January 2003, to December 2015.
Our results find that volatility transmits from the energy market to the sectors of Australian stock market; however, the converse is not evident. Among the energy commodities, oil, and natural gas are more important than coal for the Australian stock market since a relatively higher number of sectors are affected by volatility transmission from crude oil and natural gas than of coal. Not every sector is affected by shocks in the energy market. The results find that shocks initiated in the energy market transmit mainly to the energy intensive sectors of energy, materials, and consumer staples and financial sectors. The asymmetric response is apparent, suggesting that positive and negative shocks in the energy market are not equally transmitted to the Australian stock market. The results suggest that positive shocks in crude oil and natural gas impact on the material, energy, and financial sectors. Positive and negative shocks in the coal market are not distinctive. In terms of the effect of unexpected news from the oil, gas and coal markets, only the energy and material sectors are responsive to these shocks. The consumer staples sector is only responsive to unexpected news from the natural gas market. The financial and industrial sectors are not responsive to shocks from the energy markets because of the effective risk management strategies taken in these sectors. The volatility of crude oil, natural gas, and coal returns, and of all GICS sector returns, are affected by their own lagged volatility and own unexpected shocks.
Nowadays, sector index investing is popular, and energy commodities also play an important role in portfolio diversification. Since the covariance between two assets is an important consideration for portfolio construction, research into volatility transmission and conditional covariance between the energy and stock markets provides important insights to investors and market participants. Our results are both useful and timely in providing important information on how specific GICS sectors in Australia behave, and how they interact with the international energy markets. Overall, the findings of this study contribute to building accurate asset pricing models, risk management, hedging and trading policies.
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